The first true three-dimensional image reconstructions from a metal-walled vessel using electrical impedance tomography (EIT) are presented. Two image reconstruction techniques have been applied via relatively sophisticated FEM modelling of a bespoke laboratory test vessel from which data have been obtained using an EIT instrument designed to intrinsically safe requirements. A generalized Tikhonov regularization method is compared with the linear back-projection (LBP) technique. Subsequent image reconstructions strongly suggest that the LBP method when applied to a metal-walled vessel is highly sensitive to the level of detail within the FEM model. By comparison, the regularized technique is far less sensitive to the complexity of the modelled geometry. Additionally, unlike the LBP method, the regularization technique has been successful in accurately reconstructing multiple inhomogeneities within an aqueous system. A further experiment has shown similar sensitivity in a wetted powder-based system. It is concluded that EIT via a regularized difference imaging approach has significant potential for detecting 3D malformations and non-uniformities in industrial pressure filtration systems.
Introduction
The present status of electrical tomography is such that the many successful laboratory-based studies [1] [2] [3] [4] and pilot plant demonstrators are generating interest in developing the technology to production plant level across the chemical processing industry. The ProceMon (Process Tomography for Monitoring Industrial Pressure Filters) project has taken the first major steps in this direction by using the first certified Intrinsically Safe (I.S.) EIT system [5] and has shown that a conventional circumferential sensor arrangement is not a pre-requisite for tomography [6] . This paper investigates three-dimensional image reconstruction using real measurements obtained from a metal-walled laboratory test platform, which can be considered to be comparable to a large-scale industrial filtration unit.
The aim of a tomography system is to determine the material distribution within a volume of interest by acquiring measurement data via sensors positioned on the periphery of the volume. However, for image reconstruction, this usually implies far fewer independent measurements compared with the number of pixels in the image space, and therefore, the problem is underdetermined. Additionally, in the case of soft fields such as those present in EIT, the electric field is perturbed as a consequence of encountering regions of different conductivities or permittivities. For these reasons, image reconstruction is a non-trivial problem and no single explicit solution method exists. Consequently, a number of reconstruction algorithms have been developed for soft-field problems and can be found, for instance, in the Proceedings of the World Congress on Industrial Tomography [7] [8] [9] , Process Tomography: Principles, Techniques and Applications [10] or in special issues of Measurement Science and Technology [11] [12] [13] .
In the past, efforts by the tomography community have tended to focus on 2D image reconstruction [14] [15] [16] or three dimensions interpolated from 2D planes [17, 18] as opposed to true 3D imaging. This has been primarily due to the general trend towards fast data collection hardware by using a small number of sensors either in a single cylindrical plane or combination of planes and neglecting the out-ofplane field contributions in the interests of producing rapid image reconstruction. Additionally, until recently, the greater computational cost requirements have prohibited the solution to 3D tomography problems.
Early 3D algorithms were primarily developed with medical EIT in mind and include those of Gobel et al [19, 20] and Metherall et al [21] . However, in the field of industrial process tomography, with the most notable exception of Pinheiro [22] , dedicated 3D algorithms are somewhat scarce. More recently, the application of image reconstruction to a specific tomography problem has become simplified by the introduction of user-defined functions implemented from Electrical Impedance and Diffuse Optical Reconstruction Software (EIDORS). This is a tomography tool-suite written in MatLab script and was first introduced in 2D form by Vauhkonen et al [23] in 2000. More recently, EIDORS has been further enhanced into a 3D version by Polydorides and Lionheart [24] for application to insulating wall vessels. Additionally, the code has been adapted for vessels with conducting walls by Grieve [25] and York et al [6] but this has only been previously tested using simulated data as opposed to real measurements. For this reason, this work investigates the performance of 3D image reconstruction algorithms for real data obtained under known conditions from a bespoke laboratory test filter and using an EIT instrument built to I.S. specifications. Later sections give a description of the methods used for reconstructing images for a water-based system and an experiment using a filter cake formed with a standard filter aid material.
Motivation behind the research
Traditionally, monitoring in the process industry has been limited to either visual inspection or single point product sampling where product uniformity is assumed. EIT has the advantage of providing imaging of optically opaque materials and gives the opportunity of providing quantitative, real-time data on chemical media within a full-scale industrial process, such as filtration, without the need of process interruption. The major potential benefits are two-fold; firstly, it is possible to gain an insight into the actual process and secondly, since EIT lends itself to on-line monitoring, the opportunity to develop closed loop control systems. The overall anticipated effects are improvements in product yield and uniformity, minimized input process material, reduced energy consumption and environmental impact and the lowering of occupational exposure to plant personnel.
The ProceMon project [26, 27] uses two prototype systems commissioned at the Syngenta Huddersfield Manufacturing Site, UK, on established full-scale production units. The first is located on a 36 m 3 pressure filter unit, shown in figure 1 , and uses 24 sensing electrodes arranged in a single plane within the filter and controlled by I.S. EIT hardware. The work reported in this paper demonstrates image reconstruction techniques applied to a laboratory test vessel using a similar but smaller-scale planar electrode system. The experimental arrangement serves as a highly useful test platform for comparing image reconstruction techniques in a manner that is analogous to the physical and chemical processes present within the large-scale industrial pressure filtration demonstrator on the ProceMon project.
EIT and the conducting boundary measurement strategy
The first applications of EIT only considered electrode arrangements operating within vessels having insulating walls and using the adjacent measurement strategy. In this case, small ac currents are typically injected across a neighbouring pair of electrodes, whilst voltage measurements on successive adjacent electrode pairs are acquired sequentially by multiplexing. This process is then repeated for all possible unique combinations to give a complete set or frame of measurements. However, the majority of industrial process vessels have conducting walls and therefore, provide an additional current sink during the measurement process. This gives rise to both a reduced sensitivity in the bulk of the material and increased difficulty in obtaining stable measurements referenced to the injected currents.
To overcome this problem, the conducting boundary strategy was developed [28] [29] [30] , which considers each electrode to sequentially act as a current source whilst the whole of the metallic vessel behaves as a grounded current sink. In this strategy, all the voltage measurements are referenced to the same earth potential of the conducting boundary. The basic principle is shown in figure 2 for a 16 electrode system.
The number of unique measurements, N, in the conducting boundary or 'metal wall' strategy can be defined as follows:
where n is the total number of electrodes. In the present study, a total of eight electrodes are used giving rise to 28 unique measurements.
Image reconstruction
The process of image reconstruction for EIT requires solving a set of simultaneous equations relating every part of the image space to all the measurement data. To achieve this, the first step involves injecting a known current into a defined homogeneous conductivity, σ , and calculating the scalar potential, φ, throughout the geometry of interest. In this case, the finite element method (FEM) can be used to solve the Poisson equation:
and is done so for all the unique electrode measurement pairs. From this, it is possible to extract a column vector of the theoretical voltages on all the electrodes for each current injection by using the complete electrode model of Cheng et al [31] . This considers the voltage on the ith electrode, V i , to be determined by the sum of the potentials on the boundary surface underneath that electrode and the potential drop across the electrode's contact impedance, Z c , which exists between the electrode and the filling medium. In this study, only low frequency measurements have been acquired, and therefore, the complete electrode model can be described as:
For an inhomogeneous system, the actual voltage measurements depend on the distribution of the conductivity throughout the volume and can be described by a forward operator F of the conductivity itself:
where V is the actual voltage measurement vector. For image reconstruction, it is necessary to determine a sensitivity matrix or Jacobian, J, which effectively relates a small change in the conductivity matrix to the corresponding changes in the measured voltage vector. This can be defined as:
and is calculated throughout the whole of the volume space for the complete measurement vector. The actual sensitivity calculation for EIT is a complex issue and the basis of the sensitivity analysis has been described elsewhere [32] . Ideally in EIT the objective is to solve a nonlinear problem.
However, for simplification purposes, as is widespread in EIT, the problem is linearized. This study assumes a linear approximation and attempts to determine the unique conductivity distribution for a set of measured voltages as described by the following equation:
However, a direct solution to equation (6) does not exist since J is an ill-conditioned matrix, and therefore, an alternative approach needs to be adopted. A number of methods for calculating the inverse solution exist and have been rigorously reviewed by Lionheart [33, 34] . This work has investigated two non-iterative methods. The first technique is the linear back-projection (LBP) method, which approximates equation (6) to the following:
where S T is the transpose of the normalized Jacobian and V m represents the measurement voltage vector normalized to the actual injected electrode currents. The LBP is computationally straightforward to implement and is a popular method for image reconstruction but this study is the first time the technique has been applied to a metal-walled vessel comprising a planar electrode arrangement and using actual measurements as opposed to simulated data.
For comparison with the LBP method, a second image reconstruction technique has been employed and is based on a generalized Tikhonov regularization method. The regularization has the advantage of improving the stability and reliability of the inverse solution [35] . The regularized method can be described as follows:
where I is a unity matrix, α is a scalar smoothing or regularization parameter and V f r is the predicted voltage vector on the electrodes from the forward solution.
Traditionally, equation (8) is used in an iterative manner (e.g. Yorkey et al [36] ) which converges on a final solution based on an initially estimated conductivity, by updating the conductivity in response to the difference in the measurement and predicted voltage vectors. However, the method requires the computation of the product of S T and S, which for large matrices will be limited by the availability of memory addressing. Additionally, the performance of an iterative regularized method depends on both the initial selection of α and the step size of α per iterative step.
This study adopts a difference imaging technique applied to both the LBP and regularized methods, where each method is used in a single shot non-iterative manner. In this case, the sensitivity matrix is pre-calculated for the geometry of the test vessel from the forward solution data and is used to give an absolute reference image from real measurements obtained for a homogeneous system. This is repeated for real measurements obtained from experiments involving the addition of an inhomogeneity or inhomogeneities as to give the absolute image using the same pre-calculated sensitivity matrix.
If the vector describing the difference in the reconstructed conductivity between the two cases is σ diff , then:
where σ phantom is the calculated absolute conductivity for the inhomogeneity or 'phantom' and σ ref is the calculated absolute conductivity for the homogeneous or 'reference' case. The non-iterative difference imaging approach has distinct advantages when applied to EIT. In particular, the conductivity depends on both the bulk conductivity and the contact impedance term shown in equation (3), which occurs at the interface between the electrode surfaces and the bulk material.
This is an unknown parameter but may be expected not to change significantly from the reference case on the introduction of an inhomogeneity, providing the inhomogeneity is not in contact with the electrode surface and that the bulk properties of the reference material remain unchanged. For this reason, if the same contact impedance is assumed for both the reference and phantom cases, then the difference imaging approach may eliminate the uncertainty in selecting this parameter. Similarly, in the case of the regularized method, by using a non-iterative difference approach, the importance of selecting a suitable value of α for convergence is eliminated and the product of α and I can therefore be considered analogous to a simple scaling factor in ordinary algebra.
Laboratory test filter platform
The test filter platform uses a multiplexing switching unit, which is of the same design as the I.S. systems linked to commercial pressure filters on ProceMon. In this case, the hardware can switch a maximum of eight electrodes in driving, receiving or floating mode via I.S. barriers. Measurements were obtained using a Hewlett-Packard 4284A precision LCR meter and both the switching hardware and LCR meter are controlled using a standard PC running bespoke data capture software. This type of arrangement has been described in more detail elsewhere [5] .
The test filter itself is a stainless steel vessel measuring 0.5 m in diameter and has a capacity of approximately 80 litres. The filter is fitted with a polypropylene base insert, which provides support for both the filter cloth and electrode array. This base has two concentric rings of drainage holes for the filtration process and the cloth is fixed via a stainless steel clamping ring or 'hold-down' bar. Sensing electrodes are based on a design used in the 36 m 3 filter on ProceMon and are manufactured from hastelloy and PTFE. Additionally, in the interests of comparability, the wiring between the multiplexer 
Modelling of the test filter
The open source software, NetGen [37], has been used to create meshes of the test filter in order to describe the equation nodes for solving both the forward and inverse problems. For accurate calculation of the forward solution it is necessary to accommodate the field perturbations present in the system by including all the conducting surfaces, which will have a strong influence on the electric field distribution. However, over-modelling is unwanted for two reasons. Firstly, for a fixed measurement vector, increasing the number of mesh elements will make the problem further underdetermined and possibly mathematically intractable to solve for a particular reconstruction algorithm. Secondly, large meshes increase the required computational effort. For these reasons, three geometrical models of the filter were generated and are shown in figure 4 . The first is shown in figure 4 (a) and models the electrode positions on the filter cloth hold-down bar and comprises a mesh of approaching 25 000 tetrahedra. The second model ( figure 4(b) ) is the same as the first model and is similar in mesh size but also considers the drainage holes in the polypropylene base and the fixing nuts on the hold-down bar. In both of these models the outer wall of the filter is modelled as a continuum and, like the hold-down bar, is defined as a grounded boundary condition. As a result of memory addressing, models comprising such large numbers of tetrahedra cannot be used to solve the inverse problem by the described regularized method using only a modest PC. For this reason, a third model, shown in figure 4(c), comprising fewer elements, only considers the electrode positions on the holddown bar but unlike the first model uses a layered approach to construct the complete depth of the filter. In this case, six discs of equal depth are stacked onto a base layer to achieve a more uniform mesh density throughout the bulk volume of the filter. This model comprises a mesh size of the order of 4500 tetrahedra and is used for both LBP and regularized difference imaging. All models described the outer conducting wall of the vessel to a depth of 10 cm from the polypropylene base insert. Additionally, for all models, a narrow diameter cylinder on the underside of the filter is used to model the small current path to ground via the filling material surrounding the grouping of the electrode connecting wires to the underside of the polypropylene base. The position of this cylinder is approximately adjacent to electrode 2 for the electrodes traversed clockwise when viewed from above, and although, this current leakage path is likely to be negligible, the point is useful for defining the orientation of the filter in subsequent 3D viewing. Also in the interests of clarity, the three geometrical models are subsequently referred to as models I, II and III as indicated in figure 4.
Experimental details
Several simple experiments were performed in order to test the effectiveness of the described image reconstruction methods. These experiments have considered, firstly, a water-based system and, secondly, a finely divided wetted powdered system. All the measurement data were obtained at approximately 10 kHz using the described multiplexing system with the analogue signals furnished via I.S. barriers between the electrodes and LCR impedance analyser. Additionally, the test vessel was configured to the eight electrodes on the holddown bar and the injected current was impedance limited by the LCR meter to a maximum of the order of 150 µA. For the aqueous system, inhomogeneities comprised lowdensity expanded foam, typical of the artificial sponges used for both domestic cleaning and personal hygiene. In initial experiments, the measured conductivity of the reference water was approximately 8.5 mS m . The first experiment involved the addition of a single sponge at one of either two separate positions shown schematically in figure 5(a) . In this case, prior to experiment, each sponge was soaked for several minutes in a second vessel containing water from the same source and having a similar conductivity as the reference water in the test filter itself. However, since the sponges are polymer based, in these experiments, the phantoms can be considered to be less conducting with respect to the reference. The experiment was repeated for two sponges used as phantoms simultaneously, but this time one sponge was immersed in common salt solution having a conductivity of approximately 150 mS m −1 prior to being added to the test filter. In this second type of experiment, the sponge soaked in the salt solution can be considered to be conducting compared with the background reference. An additional experiment used three sponges acting as phantoms simultaneously. In this case, the reference water conductivity was approximately 50 mS m −1 and the sponges were positioned as shown in figure 5(b) . Prior to phantom measurements, as in earlier experiments, the sponges were soaked in salt solution, two in a conductivity of 1000 mS m . For the wetted powder-based system, a standard inert filter aid material (Clarcel-Flo supplied by Atofina UK, Ltd) was used to construct a filter cake. The nominal particle size was of the order of 200 µm and this type of material is widely used by industrial filtration unit and filter cloth manufacturers for assessing the performance of both filter vessels and filter fabric. The cake was constructed over several days from an initial water and filter aid 'slurry'. The formation process involved cycles of slurry mixing followed by drying periods in such a way as to produce a relatively smooth and homogeneous cake. After forming the cake, a cylindrical phantom measuring approximately 9 cm in diameter was produced by the removal of a small volume of the cake material.
For image reconstruction, the calculations were performed using a modest PC with a P4 CPU operating at 2.66 MHz and 512 MB of RAM. Typical total processing time for the forward solution, sensitivity analysis and inverse solution varied between a few seconds for the LBP method to several minutes for the non-iterative regularized technique.
Image reconstruction in the aqueous system
The sensitivity of the LBP method to FEM modelling can be clearly seen in figure 6 , which shows x-y planes extracted at different positions from the 3D image reconstruction and referenced to the electrode plane itself. All the axis units are in metres with the x and y describing the radial position from the centre of the filter and the z-axis giving the height above the electrode plane. In this figure, reconstruction used geometrical models I and II of the test filter as shown in figures 4(a) and (b) respectively. The lowest planes of figures 6(c) and (d) arise as a consequence of the modelled drainage holes of the filter vessel in geometrical model II.
Despite a large mesh size of 25 000 elements, the difference LBP method fails to reconstruct the single inhomogeneity in either position 1 or 2 for geometrical model I. This is in contrast with the reconstructions using the more complex modelling of model II (figures 6(c) and (d)), which more accurately describes the structural components of the test vessel responsible for either perturbing the field or providing additional current paths to ground. Using model II, the associated reconstructions predict the inhomogeneities at both the correct locations and the approximate diameters of the physical objects. Additionally, for both sponge positions, the relative conductivity is predicted as expected, i.e. the inhomogeneities are of lower conductivity compared with the reference background. These reconstructions are the first 3D images from a metal-walled vessel using a planar electrode arrangement, and so are highly encouraging, however, the experiments suggest the need for an accurate forward solution for success of the LBP technique when applied to the conducting boundary strategy. This imposes considerable limitations on the technique, since in modelling real industrial vessels it would be necessary to define all the internal metallic components such as dip legs, agitator blades, inlet ports etc in order to calculate an accurate forward solution.
The improvement in image reconstruction provided by the regularization compared with LBP can be clearly seen in figure 7, which gives a comparison of regularized method and the LBP for the simple mesh described by the stacked layer geometry of model III as shown in figure 4(c) . The LBP fails to reconstruct the inhomogeneities using this significantly smaller mesh, unlike the regularized method, which for the same measurement data accurately predicts the phantoms despite the use of a lower number of elements compared with the reconstructions of the previous figure. Additionally, the regularized method has been successful in correctly locating the inhomogeneities throughout the entire modelled z-axis without any significant loss of sensitivity, which represents a z-axis to diameter ratio of approximately 0.2, i.e. approaching a comparable geometry to that of a typical industrial pressure filter. This is a significant result considering the image reconstruction has only used a single planar ring of eight electrodes producing only 28 unique measurements.
For the test filter, the described LBP method failed to successfully predict the presence of double and triple simultaneous inhomogeneities, irrespective of the FEM mesh used for image reconstruction. However, the regularized technique is sufficiently sensitive, under the tested conditions, to locate two sponge phantoms as can be seen in figure 8 , showing the more conducting sponge at position 1 and the less conducting sponge at position 2 as described in figure 5(a) . 8 . Reconstruction of two sponges in the aqueous system by the regularized method and using the stacked layered FEM model comprising approximately 4500 elements: (a) MatLab plot and (b) 3D image of the same data using MayaVi software. Isosurfaces generated automatically by MayaVi. The more conducting sponge is reconstructed on the LHS of (a) and the same sponge is shown in the upper part of (b). . Measured voltage data scaled to unity injection current for the reference aqueous system and the addition of three inhomogeneities.
The figure shows both a MatLab plot and a 3D rendered image using MayaVi software [38] . The 3D plot uses a manually selected low level of opacity applied to a surface map, which describes the whole of the test filter to effectively view the complete internal volume and reveal two defined 3D isosurfaces representing the inhomogeneities. Importantly, it should be noted that the isosurfaces have been automatically determined by MayaVi as a result of the software searching for large discontinuities in the image data. The presence of such discontinuities shows the success of the regularized method in accurately reconstructing the actual sharp differences in conductivity between the phantoms and the background reference.
The regularized difference method has been successful in reconstructing three inhomogeneities in the aqueous system. Figure 9 shows the scaled voltage data for all 28 measurements for the reference case alongside the corresponding data after the introduction of the phantoms. Large measurement increases occur for electrode pairs 8 and 28, which correspond to current injections on electrodes 2 and 7, whilst measuring on electrodes 3 and 8 respectively. This is to be expected, due to the close proximity of the two phantoms having significantly greater conductivities compared to the reference, which has the effect of increasing the potential field immediately surrounding the volume occupied by the inhomogeneities, and hence, the measurement increases. Conversely, the low conductivity phantom reduces the potential field in the immediate vicinity and this gives rise to reduced measurements for the injections referring to electrodes 3, 4, 5 and 6 for measurements obtained on electrodes 4, 5, 6 and 7, as can be seen for pairs 14, 19, 23 and 26 in the figure. Although these changes are small, they are significant when compared with the measurement precision provided by the experimental system, which was confirmed by analysis of repeated measurements for the same phantom tests. Taking this into account, the data suggest that the lower conductivity phantom has given rise to more subtle changes but over a greater number of measurements compared with the higher conductivity phantoms.
The property of local inhomogeneities giving rise to global measurement changes, as a consequence of softfield perturbations, is the key to reconstructing the presence of multiple changes in conductivity. This is particularly significant for systems having only a small number of measurements, as is the case here, and the success of the regularized method in accurately reproducing the inhomogeneities from only 28 measurements can be clearly seen in figure 10 . As for the double sponge phantom case, the reconstruction yields the appropriate locations and sizes for the effective conducting and less-conducting phantoms. Additionally, in common with the double phantom case, figure 10 shows small artificially reconstructed volumes of lower conductivity, which are not present in the physical systems. Such 'artefacts' are likely to occur for two reasons. Firstly, as a consequence of the soft-field in EIT, the actual conductivity distribution with respect to the measurements is essentially nonlinear, which has been approximated to a linear problem. Additionally, Tikhonov regularization is known to yield artefacts in the reconstruction [14] . Secondly, the absolute accuracy of the measurement system will determine the quality of the reconstructed image space. However, taking into account the small number of measurements, the level of artefacts can be considered minimal.
Image reconstruction in the filter cake system
The main purpose of developing EIT to monitor pressure filtration is to enable the identification of malformations and differences in localized drying of the filter cake. Figure 11 demonstrates the use of the regularized technique for the described filter cake experiment using an estimated background conductivity of 3.5 mS m −1 for image reconstruction. The removed cake material can be seen intensely, having been reconstructed as a more insulating region compared with the background filter-aid. This is a highly encouraging result, since compared with the aqueous system, the filter-aid background reference can be expected to be far less homogeneous due to differences in packing density and non-uniformity of drying during the cake formation process. This was confirmed by inspection of the raw measurement data and by taking several conductivity measurements in various positions from the upper region of the cake. The predicted size and angular position of the exposed air volume are close to the actual physical inhomogeneity, however, the image reconstruction has underestimated the radial position of the cake-hole. This may be due to a number of factors. Firstly, due to memory allocation, the mesh describing the image reconstruction is comparatively coarse comprising less than 200 elements per stacked layer and this gives rise to a relatively small set of equations to be solved uniquely in three dimensions. The mathematics of the reconstruction process can only give a 'best-fit' to uniqueness, and for such a small system in 3D, this may prove difficult to perform to a high level of accuracy. Consequently, this translates into a corresponding coarseness in 3D image quality, which is particularly true in this case, where no strong image filtering has taken place. Secondly, with only 28 measurements, the problem is highly under-determined, therefore, a high spatial resolution cannot be expected. Finally, the accuracy of the reconstruction depends upon the forward solution accuracy and, hence, the accuracy of the defined FEM model. In this case, the test vessel provides two directly grounded current sinks, firstly, to the hold-down bar and secondly, to the wall of the vessel itself. The electrode sensing plates are isolated from the central region of the holddown bar by PTFE components, which are relatively constant and physically well-defined and therefore, can be modelled accurately by FEM. However, due to machining tolerances of the bar and its positioning with respect to the vessel wall, the wall-to-electrode spacing can vary by approaching ±5 mm, which is almost 10% of the absolute electrode-towall spacing. Therefore, this spacing cannot be modelled to the same level of accuracy. However, a greater proportion of current will be lost to the bar since the absolute electrodeto-bar separation is significantly smaller compared with the electrode-to-wall separation. The two separations can be seen as providing two shared current paths to ground, which are analogous to a parallel impedance combination, where the impedances are determined by both the electrical properties of the filling medium and the electrode-to-bar and the electrodeto-wall spacings respectively. Therefore, the relative accuracy of the forward solution can be considered to depend not solely upon geometry effects but also on the filling medium itself.
Consequently, it is difficult to quantify how these two issues combine in terms of overall image quality. This may begin to explain the better location accuracy for the higher conductivity aqueous experiments compared with the lower conductivity and less homogeneous powder-based system.
Conclusions
This work is the first to demonstrate true 3D images obtained using real measurements from an intrinsically safe EIT system applied to a metal-walled vessel. This has been achieved by performing calculations based on 3D forward solutions, which have resulted in providing good spatial accuracy and sensitivity to changes in conductivity. The results have demonstrated that the LBP method is highly sensitive to FEM modelling when applied to a metal-walled vessel and 3D image reconstruction. Additionally, it is concluded that a regularized difference method can accurately predict the location and size of multiple phantoms in true 3D from a single planar electrode arrangement yielding only a small number of measurements. This technique has the major advantage of providing good sensitivity without the need to create a highly defined FEM model of the vessel under study.
For the wetted powder-based system, the initial results strongly suggest that issues of non-uniformity and malformations within filter cakes can be imaged using the regularized difference method. Consequently, possibilities exist for providing qualitative 3D reconstructions capable of identifying differences occurring during individual process steps within a commercially operated pressure filter. Further advances in computing power and algorithm development should enable improved image reconstruction accuracy and sensitivity. Additionally, future work will concentrate on efforts to reduce the computational effort required to produce images by addressing meshing strategies. Furthermore, the image reconstruction methods will be applied to filter cake systems comprising wet and dry regions yielding subtle changes in conductivity as opposed to the present study, which has only considered more step-like differences.
